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Introduction
Wireless sensor networks are expected to be the basic building block of pervasive computing environments. To realize wireless sensor networks in large scale, location discovery is emerging as an important task as it has been observed and shown that (semi-) accurate location information can greatly improve the performance of other tasks such as routing, energy conservation, or maintaining network security. One method to complete the location discovery is to employ a GPS-equipped robot as a mobile beacon to the already deployed sensor network. In this method, the robot travels through the deployment area while broadcasting its location along the way. Sensors localize themselves by monitoring information coming from the beacon. Other than serving as the mobile beacon, the robot can perform other tasks necessary for the operation of sensor networks. For instance, the robot could be used to reconfigure or recalibrate sensors, synchronize the clocks, collect data from the sensors (in an efficient manner), deploy new sensors, and disable existing ones. Thus, in sensor networks that already incorporate mobile robots as part of the design, enabling localization through the mobile beacon can be a cost-effective way of achieving sensor network localization.
In this paper, we consider the path planning problem of the mobile beacon. We ask the question of what should be considered as a better path to be taken by the mobile beacon with sensor localization as our primary objective. We study the problem of static path planning for localization prior to the beacon deployment. For this problem, we assume that, although we do not know the exact sensor locations prior to the beacon deployment, the sensors are uniformly distributed over a predefined deployment area. The objective of our static path planning is to design a path to guide the mobile beacon such that i) a higher percentage of the sensors can be localized (i.e., better coverage), ii) the localization error is minimized (i.e., better accuracy), and iii) the path length the mobile beacon travels is shortened. We consider such path planning as static since it is done prior to the localization and cannot be modified during the localization. As such, the static path planning problem is invariant to the actual localization algorithm.
Our main contributions in this paper include two new static path types, CIRCLES and S-CURVES, that are designed with localization accuracy and coverage in mind. We also introduce the concept of using Cramer Rao Bound (CRB), an unbiased lower bound of localization accuracy, as the evaluator of path types. We then compare our path types to previously proposed ones using the CRB analysis. Our results shows a clear advantage of our path types over others in terms of coverage and accuracy without increasing the path length.
Related Works
Note that the path planning problem we are considering here is related but ultimately different than the path planning and localization problem in robotics. The problem in the field of robotics deals with the issue of localizing and navigating robots in an unknown environment based on a certain type of signal behavior (from a pre-calibrated RSSI map or pre-localized sensors) [1] [2] [3] . The problem we are considering here deals with localizing the sensors using a GPS-equipped mobile robot.
There has been limited amount of previous work on the path planning problem for sensor network location. The problem was first brought up by [4] where the authors were primarily interested in the localization algorithm design of mobile beacons. As a side note, the author acknowledged the difficulty in selecting an optimal trajectory for the beacon in that the trajectory needs to provide at least three noncollinear beacon broadcast locations for each sensor. However, the authors did not provide any specific path planning method.
While the authors of [5] did not explicitly study the path planning problem, they implicitly considered this issue during their localization algorithm design. In particular, they provided an algorithm running on the sensor nodes that tracks the series of beacon broadcasts to only use the noncollinear ones to localize. They do not introduce a path planning algorithm, i.e., the mobile beacon is assumed to move randomly, thus their method provides a passive way of extracting usable coordinates from the random path.
In [6], the authors studied three different types of static paths: SCAN, DOUBLE SCAN, and HILBERT in relationship to localization. The result shows that HILBERT has the best localization performance due to as its larger number of direction changes effectively reduces the collinearity during localization. Their results are obtained using simulations of randomly deployed sensor networks using a Monte Carlo localization (MCL) method [7] as the localization algorithm.
In this paper, we build on the work by [6] to design additional static paths that further reduce the collinearity. Instead of evaluating paths based on a particular localization algorithm, we use the more general Cramer Rao Bound (CRB) as the metric to compare different paths. The CRB gives a theoretic lower bound on the best localization error achievable by any localization algorithm. Thus, by using CRB as the metric, we are able to provide a fairer comparison by eliminating any bias introduced in favor of a particular localization algorithm. Under the same test case, a path type that achieves the better overall CRB should be considered to be better.
Cramer-Rao Bound (CRB)
In this paper, we use the Cramer-Rao Bound (CRB) as the evaluator of static path types. The CRB is an effective measure to qualify the localization inaccuracy attributed to the measurement types and noises [8] . The CRB is a lower bound on the covariance of any unbiased location estimator that uses noisy measurements such as RSSI, TOA, or AOA. Thus, the CRB provides a lower bound on the estimation accuracy of a given network scenario regardless of the localization algorithm. In other words, with CRB we have a way to tell how good the best any localization algorithm can do given a particular network, measurement type and measurement noise scenario. The CRBs of individual measurement types such as RSSI, TOA and AOA under most common noise models (mostly Gaussian) are discussed in more detail in [8] . Figure 1 shows the Cramer Rao Bound (CRB) of a single node to be localized based on an RSSI measurement model. Here, we use the signal propagation model and noise model given in [9] . In particular, we assume that the range measurement noise is Gaussian with a constant variance introduced by the shadowing. The received signal strength from a beacon location v to a regular node e that are d v,e m apart is therefore
where P 0 is the received signal strength at a reference distance d 0 . Here, we use d 0 = 1m. n p is the path loss exponent that is environment-dependent, and σ 2 dB is the constant variance introduced by the shadowing. As in [9] , we choose n p = 2 and σ 2 dB = 1.7. To obtain data for Figure 1 we measured the CRB of any location within a 2m by 2m square, with three beacons placed at an inner circle of radius 0.5 centered at (1, 1). The three beacons are placed with equal angles at (1 + cos (0)/2, 1 + sin (0)/2), (1 + cos (2/3π)/2, 1 + sin (2/3π)/2), and (1 + cos (4/3π)/2, 1 + sin (4/3π)/2). It is clear from Figure 1 that the locations within the beacon deployment radius have lower CRBs. When the location of the node is outside the circle of beacons, the CRB progressively becomes greater; this is consistent with the intuition that it is more difficult to localize nodes outside the convex hull formed by the beacon locations.
Static Paths
In this section, we define four different static path types and compare the localization performance of them using the CRB analysis. As in [6], we adopt a deployment area consisting of a 480m by 480m square. To calculate the CRB, we use the values defined in the previous section. We test For sensor network localization using a mobile beacon, the CRB values of the sensors are influenced by the following factors:
1. Path Length. A longer path means that the mobile beacon would have more opportunity to broadcast its location. Thus, we expect a better overall localization (i.e., lower CRB) with a longer path.
Broadcast Interval.
A shorter broadcast interval means that the mobile beacon would broadcast its location more frequently. Thus, we expect a better overall localization with a shorter broadcast interval.
3. Broadcast Range. A larger broadcast range (transmission radius) of the mobile beacon would allow each broadcast to cover more sensors. Thus, we expect a better overall localization with a larger broadcast range.
The four types of static paths considered here are shown in Figure 2 . The solid lines show the path; the rectangles show the broadcast location; the small dots show the locations where localization can be performed. To provide a valid comparison among them, we fix the broadcast range (45m). We set the broadcast interval to 10m (i.e., there is one broadcast every 10 meters traveled), therefore the actual number of broadcast locations is a function of the path length. Each of the four different path types has a different path length. The solid line in Figure 2 shows the actual path, and the rectangles along the path show the broadcast locations (the distance between two rectangles is the broadcast interval). The small dots represent the locations from where a valid localization can be performed based on the RSSI range readings. Because of geometric constraints, a valid localization can be performed at a location only when at least three non-collinear broadcasts are heard.
SCAN
Of the four path types, SCAN, introduced in [6] , is the most straight-forward in which the mobile beacon simply sweeps the deployment area in straight lines from left to right. More formally, SCAN divides the square deployment area into n by n sub-squares (n = 8 in our case) and connects their centers using straight lines as in Figure 2(a) . The resolution, R, of SCAN is defined as the side length of each sub-square (R = 60m in our case). The drawback of SCAN is that straight lines introduce collinearity, and there are many locations where the beacon broadcasts heard are collinear. Since the broadcast range is set to 45m and two nearby vertical lines in Figure 2 (a) are two resolutions apart (120m), the area near the vertical lines cannot be localized because all beacon broadcasts come from the same vertical line and thus are collinear. To reduce collinearity, we would have to reduce the resolution to match the broadcast range, which would substantially increase the path length.
HILBERT
To reduce the collinearity without significantly increasing the path length, HILBERT is proposed in [6] , which makes the mobile beacon to take more turns. Same as SCAN, HILBERT divides the 2-dimensional space into n by n sub-squares (n = 8 in our case), but connects the centers of the sub-squares using n line segments as shown in Figure 2(b) . The resolution of HILBERT is defined as the side length of each sub-square (R = 60m in our case). While the path length of HILBERT is nR longer than that of SCAN at the same resolution, it contains shorter line segments, which reduces collinearity. We can see in Figure  2 (b) that a significantly greater area can be localized with HILBERT compared to SCAN.
CIRCLES
Since straight lines invariably introduce collinearity, we would like to reduce the amount of straight lines on the beacon path. Thus, we design CIRCLES which consists of a sequence of concentric circles centered within the deployment area. We define the resolution, R, of CIRCLES as half of the radius of the innermost circle, and we sequentially increase the radius by R at each outer circle (R = 60m in our case). Note that we could define a spiral like path that looks like CIRCLES, but we decided to study CIRCLES because its resolution parameter is comparable to other path types.
As shown in Figure 2 (c), since CIRCLES does not introduce collinearity, all areas within the circles can be localized. However, since the deployment area is a square, CIR-CLES would not cover the four corners effectively without adding larger circles, which would increase the path length. Furthermore, CIRCLES has an inherent scalability issue. When the deployment area increases, CIRCLES would require the beacon path to contain larger circles. As the circles become larger, the amount of non-collinearity reduces, which in turn reduces the localization accuracy. Figure 3 illustrates such scalability issue in terms of CRB. Here, we measure the CRB of CIRCLES at various y locations when fixing x = 240m (i.e., splitting the deployment area in the middle). We observe that the CRB is at the minimum at the inner circle (around 240m), but it increases gradually to the outer circles (approaching 0m to the left and 480m to the right.
S-CURVES
S-CURVES is based on SCAN, which progressively scans the deployment area from left to right. However, at each scan, S-CURVES takes an 'S' curve instead of going in a straight line. More formally, dividing the deployment square into n by n sub-squares (n = 8), and let the resolution of S-CURVES be R (R = 60m). Then, each vertical S curve consists of n − 1 half squares of radius 
Evaluation
We compare the path types based on three factors: i) total path length, ii) the localization coverage, and iii) the localization accuracy. Consider the path length first. For each of the four path types, the total path length, L, is a function of R and n:
As seen in our test scenario, CIRCLES has the shortest path length. The other three path types have similar path length, with S-CURVES being slightly shorter than the other two. Now consider the localization coverage and accuracy. Here, we compare the four path types using the Cramer Rao Bounds (CRB). For each path type, we calculate the CRB at various locations of the entire deployment area. We assume a 1-hop propagation of RSSI readings, and thus the CRB at each location is a strict function of the RSSI readings from broadcast locations 1-hop away. For those locations that cannot be localized because of the unavailability of three non-collinear broadcast locations, the CRB will be infinity. For other locations that can be localized, the CRB gives a tight lower bound of the localization error that can be possibly achieved at the particular location. Thus, the CRB analysis gives an estimate of both localization coverage and localization accuracy.
To perform the CRB analysis, we divide the 480m by 480m deployment area into a system of 1m by 1m grids. We then calculate the CRB at every grid location and construct a histogram the CRB ranges produced by each of the four static path types. To study the relationship between the transmission range and the path resolution, we vary the beacon transmission range from 30m to 75m, while fixing the path resolution at 60m. Notice that varying the transmission range while fixing the path resolution can be seen as equivalent to varying the path resolution while fixing the transmission range. Figure 4 shows the results of our CRB analysis. Figure 4 (a) clearly shows the superiority of CIRCLES and S-CURVES over the other two methods when the path resolution is higher than the transmission range. In such cases, many grid locations can only hear consecutive beacon broadcasts from the a single path segment. Since a majority of the path segments within SCAN and HILBERT are straight lines, collinearity becomes a major obstacle. On the other hand, CIRCLES and S-CURVES have a minimal number of straight line segments, and thus they cause much less amount of collinearity during localization. The result indicates the paths taken by CIRCLES and S-CURVES cover larger effective ground in terms of localization than SCAN and HILBERT. Another way to look at this is that it would take a longer path (for instance, using a smaller resolution) for SCAN and HILBERT to provide the equivalent coverage.
By increasing the transmission range (Figure 4 (b) through 4(d)), the amount of collinearity reduces, and thus we observe performance improvement of SCAN and HILBERT. In those cases, S-CURVES still performs as well as SCAN and HILBERT. However, CIRCLES has the worst performance in Figure 4(d) . This is primarily due to the fact that we use a square as our test deployment area, and thus leave the four corners uncovered by CIRCLES. As such, we also note that CIRCLES has significantly shorter path length than the other three path types. Thus, CIRCLES is not best suited for the square or rectangle deployment area.
But we can expect that it would work much better when the deployment area resembles a circle.
Conclusion and Future Work
In this paper, we studied the static path planning problem for wireless sensor network localization in pervasive computing. We presented two new static path types: CIRCLES and S-CURVES that are designed with better localization accuracy and coverage in mind. We have also proposed a new path evaluator using the unbiased Cramer Rao Bound (CRB). Using the CRB analysis, we showed that the path types proposed by us handle the collinearity problem much better. When the path resolution is much larger than the transmission range, the collinearity becomes more significant. In such cases, our solutions significantly outperform previously proposed path types.
The static paths work well when the sensors are assumed to be uniformly deployed. However, in the cases where such assumption is not valid, static path planning might not be the best solution, since the mobile beacon would attempt to cover the entire deployment area uniformly, including those parts where no sensor resides. Thus, there is a strong incentive to dynamically adjust the path during the localization procedure (dynamic path planning). 
